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Abstract—New data applications, smart devices, and tech- 
nologies are emerging every year. Future wireless networks 
will be expected to maintain user expectations in spite of 
the difficulty of managing explosive increases in network data 
traffic. Yet user experience is highly subjective and depends on 
the highly dynamic user satisfaction behavior in the network. 
For this reason, real-time data-driven user experience modeling 
and prediction are more relevant than mathematical modeling. 
Modeling and predicting user satisfaction in real-time will enable 
wireless networks to make more personalized decisions, which 
can increase efficiency and user satisfaction. In this paper, we 
propose a framework for implementing a real-time big data- 
driven satisfaction monitoring and prediction system for person- 
alized wireless networks based on a dynamic user satisfaction 
model. Then, inspired by the success of neural networks and 
deep learning techniques, we implement the proposed framework 
using a tuned DNN model. Finally, the results of our experiment 
show the feasibility and preeminence of the proposed framework. 


I. INTRODUCTION 


In the near future, wireless networks will be expected to 
support a wider range of applications and use cases, such 
as vehicular ad-hoc networks and virtual reality applications. 
Such applications require network services to be delivered 
with a variety of network performance characteristics (e.g., 
rate, latency, security, and quality of experience (QoE)), which 
poses fundamental technical challenges for the management of 
user experience. Enabling wireless networks to understand and 
characterize the relationship between network performance 
and user experience will empower networks to make more 
personalized decisions (e.g., configurations) and optimized 
actions (e.g., resource allocation). Personalizing wireless net- 
works is the cornerstone of optimum resource allocation and 
user experience management. Previously, in [1], we proposed 
a big data-driven Al-based wireless network personalization 
framework designed to enable micro-management of network 
resources and make fine-grained personalized decisions based 
on dynamically changing user needs and expectations. One of 
the main enablers of the proposed personalization framework 
in [1] is real-time user satisfaction measurement and mon- 
itoring in a non-intrusive manner. To this end, we need to 
quantify user satisfaction using a dynamic and continuously 
evolving model. Therefore, in [1]—[3], we propose a dynamic 
user Satisfaction model that 1s based on the notion of Zone of 
Tolerance (ZoT). We propose dividing user satisfaction into 
levels, where each level is associated with a certain range 
of Quality of Service (QoS). The division and number of 


satisfaction levels could vary depending on service providers’ 
preferences. In order to achieve a satisfaction level 7, the 
user should receive a QoS within ZoT;. In our proposed 
ZoT model, each context is associated with a certain user 
satisfaction behavior. Context is a combination of variables, 
such as time, location, speed, etc., that have an impact on 
user satisfaction behavior. 

In this paper, based on the proposed ZoT model, we 
propose a data-driven user satisfaction prediction framework 
that utilizes context information collected from wireless net- 
works and users to predict in real-time the personalized user 
satisfaction behavior of each user. The proposed framework 
is designed to isolate the process of directly capturing user 
satisfaction levels from sensor data and the process of real- 
time user satisfaction prediction using context information. 
The importance of this property stems from the fact that 
capturing user satisfaction information directly from users is 
a cumbersome time-consuming process, hence; it can hinder 
the proactivity of wireless networks. Instead, predicting user 
satisfaction behavior based on data flowing in the network 
is much faster and more efficient. Finally, to illustrate the 
processes involved in implementing the proposed satisfaction 
prediction framework, we implement and tune a deep neural 
network (DNN)-based learning model. 


II. BACKGROUND AND RELATED WORK 
A. Types of user satisfaction feedback 


The collection of user satisfaction feedback could be done 
in real-time or offline in a number of ways that can be either 
intrusive or non-intrusive. Intrusive collection methods require 
users to actively interact with the system to record satisfaction 
information. On the other hand, non-intrusive user satisfaction 
collection methods employ Machine Learning (ML) and AI 
to predict personalized user satisfaction without the need 
to disturb users. Examples of intrusive collection methods 
include surveys and feedback boxes. In wireless networks, 
the utilization of user feedback from intrusive methods is 
discussed in [4], [5]. The authors in [4] propose an approach 
called ’user-in-the-loop” which utilizes real-time feedback to 
integrate spatial demand control to wireless networks where 
users are motivated to move to less congested areas. The au- 
thors in [5] propose a data-guided resource allocation approach 
where offline feedback data (e.g., network measurements and 
user complaints) 1s employed to improve the average user 
experience. Generally, the intrusive feedback collection meth- 


ods do not represent all users because the majority of users 
wouldn’t complain, they just change the provider. Furthermore, 
while users’ needs and expectations change rapidly in wireless 
networks, non-intrusive feedback collection methods enable 
more frequent feedback data collection which, consequently, 
increases the accuracy and relevance of network decisions. 
Therefore, non-intrusive feedback methods are considered 
more practical compared to intrusive feedback. Nonetheless, 
due to the lack of data and the immaturity of the technology 
required to acquire and utilize non-intrusive user satisfaction 
feedback in wireless networks, it is not a common discussion 
topic in the literature and is limited to but a few applica- 
tions [6]. Nevertheless, non-intrusive user feedback has been 
proposed to make relevant automotive decisions in many 
applications, such as cloud gaming, healthcare, and human- 
computer interaction [7], [8]. In this paper, the proposed 
framework will enable non-intrusive user satisfaction feedback 
tracking in wireless networks. 


B. Integrating satisfaction information in wireless networks 


The problem of integrating user satisfaction information 
in wireless networks for the purpose of further optimizing 
resources has been approached in various ways. The concept 
of QoE in wireless networks was defined at the International 
Telecommunication Union (ITU-T) as the ’the overall accept- 
ability of an application or service, as perceived subjectively 
by the end-user.’ Although this definition is highly subjective, 
the research community has aimed to narrow it down in 
order to enable the utilization of such information in wireless 
networks. In the literature, QoE models are categorized into 
mathematical models and ML models. Mathematical QoE 
models are formulations designed to find a specific QoE value 
for a certain set of parameters. For example, the authors in 
[9] argue that the QoE has a logarithmic nature described by 
the law of Weber-Fechner. Experiments and research in QoE 
modeling have shown that the correlation between variables 
affecting QoE is rather complex and highly dynamic. As 
a result, mathematical modeling is incapable of accurately 
modeling or predicting user experience in wireless networks. 
Therefore, ML has been widely used to capture these complex 
correlations with a view to providing us with deeper insight 
and stronger conclusions. 

In the literature, the proposed solutions for modeling and 
predicting user experience in wireless networks differ in terms 
of input feature design, level of personalization, and ML 
tools utilized. Researchers have applied different types of 
ML algorithms, such as Recurrent Neural Networks (RNN), 
Bayesian modeling, and DNNs [10]. Also, researchers have 
proposed various input feature designs to feed into their 
proposed learning models. We categorize these designs as 
follows: 


e Input features are a set of network KPIs [11]. 

e Input features are a combination of network parameters 
and measurements aggregated directly from sensors. For 
example, the authors in [12] proposed monitoring user 


QoE using a set of network parameters and EEG signals 
collected from sensors placed near the brain. 

e Input features are a combination of context variables and 
network parameters [13]. 

e Input features are a combination of context variables, 
network parameters, and sensor measurements [14]. 


Lastly, the proposed user experience prediction approaches 
vary in terms of the level of personalization, which we catego- 
rize in two ways: averaged QoE prediction and personalized 
QoE prediction. Systems based on averaged QoE prediction 
are designed to perform actions based on the predicted average 
QoE for all users in the network [11]. Although this approach 
is simple and easy to implement, it lacks accuracy since user 
preferences and behavior in wireless networks vary widely 
depending on complex and dynamic factors. By contrast, 
personalized QoE prediction aims to predict QoE for each 
user using data with a set of features recorded from the same 
user to ensure consistency and relevance [12]. 

Our proposed framework differs from the aforementioned 
literature work in two aspects. First, the personalized satis- 
faction prediction solutions in the literature are designed to 
measure user satisfaction directly from users using sensor data, 
such as cameras and EEG signals, which is a time-consuming, 
complex, and cumbersome process. By contrast, the proposed 
framework in this paper capitalizes on the patterns and cor- 
relations that exist between context data and user satisfaction 
behavior in order to enable real-time satisfaction prediction 
and tracking in wireless networks. Also, the proposed satisfac- 
tion prediction solutions in the literature are based on average- 
based, static, and highly subjective satisfaction models, such 
as the QoE model. On the other hand, our proposed framework 
is based on our proposed ZoT user satisfaction model, which 
is designed to be dynamic and personalized to each user. 


III. USER SATISFACTION PREDICTION FRAMEWORK 


Data collected from communication networks are massive, 
complex, unstructured, and increase in three dimensions: vol- 
ume, velocity, and veracity. The problem of extracting user 
satisfaction knowledge from this huge amount of data presents 
two subproblems: a big data problem and an AI problem. In 
this paper, we propose a novel approach for measuring and 
predicting user satisfaction in wireless networks. Fig. 1 illus- 
trates the complete framework we envision for predicting user 
satisfaction in wireless networks. This framework is designed 
to autonomously predict personalized user satisfaction values 
in real-time for each user in the network in a non-intrusive 
manner. The proposed framework consists of the following 
four processes: 


1) Acquire context and KPI data 


Data collection- The first step is to acquire context data, 
which can be done by monitoring sensors, aggregating and 
analyzing collected data, and predicting missing and future 
context information. Besides, KPI data is collected from the 
network and aggregated as part of context information. 
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Fig. 1: The proposed big data-driven satisfaction prediction 
framework. 


Data mapping- The second step is to map data from 
different users to shared space. Mapping user data is an 
essential step as it enables ML models to capture correlations 
and inherent patterns. For instance, in Fig.2, we illustrate an 
example of location feature mapping to a common space. 
User location is acquired from GPS sensors and it is recorded 
as unique coordinates. Generally, user satisfaction behavior 
is actually correlated to a particular type of location (e.g., 
home) rather than GPS coordinates. In order to enable the 
ML model to extract relevant user satisfaction information, the 
recorded coordinates should be classified into locations types. 
In Fig. 2, on the left side, feature values (GPS coordinates) 
are shown in their original input space where each user has 
his/her own space. After passing the coordinates through the 
ML model, the common feature space is obtained. In this 
example, samples belong to four location classes. The color 


indicates the class of an instance. 

Data preprocessing- The third step is to retransform data 
and extract useful features. This step is important because it 
contributes to the reduction of noise and irrelevant data, which 
can degrade the predictive model’s performance. 


2) Measure user satisfaction 


The second process in the framework is labeling context 
data by the actual user satisfaction values. The proposed 
process to measure actual user satisfaction is as follows: 

Emotions recognition- The first step is to predict and 
measure user emotions and feelings. The detection of user 
emotions in a non-intrusive manner is widely discussed in 
computational intelligence literature. Emotions can be mon- 
itored using different types of data input, such as images 
and video [15], speech and sound [16], and other commercial 
sensors [17]. 

Predict the correlation to service- The next step is to 
estimate the correlation between measured user feelings and 
the performance of the service being used by the user. This 
step is essential due to the fact that detected feelings are mostly 
not related to provided service performance. 

Predict the actual user satisfaction- The next step is to 
utilize user feelings that are related to the service in order 
to estimate actual satisfaction levels. Then, the estimated 
satisfaction levels are used to label context values recorded 
by the network. Processes 1 and 2 are designed to collect and 
label user data in an automated way in order to make the 
framework scalable and increase network intelligence and the 
ability to detect users’ actual needs and demands. 

The implementation and the dataset utilized in this paper 
assumes the availability of context information (the output of 
block | in Fig. 1) and the associated measured user satisfaction 
levels (the output of block 2 in Fig. 1). 


3) Build the predictive model 


At this stage, the network has enough labeled data to 
build a user satisfaction prediction model for each user with 
a good performance. There are several ML algorithms that 
can be employed and different techniques to tune the models 
depending on the type of data being utilized. 


4) Predict user satisfaction using new unlabeled data 


Finally, the fourth process in our proposed framework 1s 
to predict real-time user satisfaction levels. In this paper, we 
choose deep learning, which is one of the most popular ML 
tools used to solve various problems in wireless networks 
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Fig. 2: An example of data mapping for user location feature. 


[18]. Neural networks (NNs) that have a sufficient number of 
hidden layers are an example of deep learning models. There 
are major advantages to applying DNNs to model and predict 
user satisfaction levels in wireless networks. Unlike traditional 
ML tools, DNNs automate feature extraction from data that 
has complex structures and correlations, which thus reduce 
expensive human-dependent tasks that hinder automation and 
real-time network operations. In addition, data collected from 
wireless networks is increasingly large and heterogeneous and 
arrives in different formats and speeds from different sources. 
In contrast to DNNs, the performance of classical ML does 
not significantly improve with more data and it cannot handle 
high dimensional data. Thus, DNNs are considered to be one 
of the best tools for learning useful patterns for complex and 
colossal wireless network data. 

In order to assess the practicality of the proposed frame- 
work, the steps that need to be performed during the commu- 
nication session (i.e., online) should be assessed. As shown 
in Fig. 1, the first process involves relatively fast operations, 
such as data collection and preprocessing. On the other hand, 
the second and third processes involve cumbersome, time- 
consuming, and complex operations, such as training, validat- 
ing, and implementing the ML models. Nonetheless, since they 
are implemented offline, they should not affect the network 
pro-activity. Finally, the fourth process is operating during 
the communication session and it involves fast operations, 
such as using the ML models to performance predictions. 
Therefore, implementing this process in real-time would not 
raise practicality concerns. The rest of the paper discusses 
further details of the proposed framework by building a DNN 
model to predict user satisfaction from context data, which are 
the third and fourth processes in our proposed framework. 


IV. DATASET ANALYSIS AND PREPOCESSSING 
A. Dataset description 


A lack of published user behavior data labeled with ground 
truth user satisfaction information is holding back innova- 
tion into new approaches for monitoring and predicting user 
satisfaction in order to utilize it for personalizing wireless 
networks. Unfortunately, such data is not publicly available, 
and there are several reasons for this, including privacy 
and confidentiality concerns. Therefore, in [2] and [3], we 
proposed synthetic user behavior satisfaction datasets that 
can be utilized for data-driven user satisfaction prediction 
and optimization using context information. The datasets are 
designed based on Bayesian belief networks and Markov chain 
models. Also, the utilized datasets are meticulously designed 
to have realistic characteristics and therefore to behave in the 
Same manner as a real user behavior dataset. The designed 
datasets mimic real user data collected using processes 1 and 
2 in the proposed framework. In this paper, we utilize the 
datasets proposed in [2] and [3] to illustrate the value and 
benefits of our proposed framework in Fig. 1. The datasets 
are publicly available in a GitHub repository [19]. Datasets in 
[19] are designed for four distinct personas. For the purpose of 
this paper, we will work with the working professional persona 


dataset (WPP). Table I shows the features of the WPP dataset 
and an example of their values !. 


B. Dataset filtering and spliting 


The WPP dataset was recorded for a period of one year with 
one record for each second. However, naturally, the user did 
not use the network during all measuring instances. Hence, the 
number of records that actually have satisfaction labels is less 
than the total number of records. The dataset has an indicator 
feature called Request arrived which is set to 1 when the user 
requests a service from the network. The filtered number of 
records is 100,000. As for splitting, the dataset is divided into 
70% training set, 25% validation set, and 5% test set. Stratified 
sampling is used to ensure that the statistics of satisfaction 
labels are similar for both the training and testing sets. 


C. Data balancing 


One of the most important preprocessing steps for NNs is to 
check whether we have an unbalanced training data. Training 
NNs using unbalanced data will result in ignoring the classes 
with smaller representation in the dataset, which creates a 
biased predictor. In [19], we performed some statistics on 
the data, where the histogram of the classes showed that this 
dataset is highly imbalanced. In order to address this issue, 
we oversampled our dataset using the SMOTE algorithm. 


D. Data shuffling and scaling 


In order to improve the DNN model quality and its predic- 
tive performance, the features and the satisfaction labels are 
synchronously shuffled. Also, since feature scaling 1s a critical 
step in using DNN models, we apply MinMax scaling, which 
is typically done via the following equation: 


x; —min(%) 
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'The dataset in [19] has other features, such as real sensor measurements. 
However, for the purpose of this paper, we consider only the features listed 
in Table I. 


TABLE I: Features of the WPP dataset. 
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Fig. 3: Comparison between the 
accuracies of DNNs using different 
optimization methods. 


where V=|21, X2,...,Lm|] is the input vector. 


E. Encoding categorical values 


Neural networks do not accept categorical values. Hence, 
encoding categorical values is an essential step prior to feeding 
the data into the model. In this paper, we encode categorical 
values using one-hot encoding. 


V. EXPERIMENT RESULTS AND ANALYSIS 


The implementation of the experiments in this paper was 
done in Python 3.7.6. The DNN model was built using 
the TensorFlow library. In addition, the scikit-learn library 
was used for preprocessing the data, whereas seaborn and 
Matplotlib were used for visualization purposes. 


A. Improving the performance of DNN 


In order to optimize the performance of our DNN model, 
we utilize various state-of-the-art search and tuning techniques 
to yield the best performance. 

1) Number of layers and hidden units 

Our network architecture consists of 6 layers. The first layer 
is the input data layer. Layers 2 to 5 are the hidden layers, 
and layer 6 is the output layer with 6 nodes. The first step to 
improve the predictive model performance is to choose the best 
DNN architecture that yields the best performance. Hence, we 
performed a grid search to choose the number of neurons per 
hidden layer. Based on the output of the search process, we 
choose the following structure: 

e First hidden layer (Layer 2): 128 neurons. 

e Second hidden layer (Layer 3): 32 neurons. 

e Third hidden layer (Layer 4): 16 neurons. 

e Fourth hidden layer (Layer 5): 8 neurons. 

2) Optimization methods 

There are several optimization algorithms proposed in the 
literature to update the weights of DNNs. In order to decide 
which algorithm best suits our dataset and the DNN model, 
in Fig. 3, we compare the DNN model accuracies for three 
optimization algorithms, GD, SGD, and Adam. As shown 
in Fig. 3, SGD achieved the lowest accuracy convergence. 
Adagrad achieved the fastest convergence and it converged to 
the best accuracy, which is why we chose Adagrad as our 
optimization algorithm. 
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Fig. 4: Comparison between the 
training accuracy of DNNs using 
different learning rates. 
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3) Learning rate 1 

Choosing the proper learning rate 7 1s one of the most 
important steps in building DNNs. A very small 7 will lead to 
painfully slow convergence, whereas too large of an 7 could 
hinder convergence and cause fluctuations. In Fig. 4, we plot 
the training accuracy of the proposed DNN with the Adagrad 
optimizer and four different learning rates. The first thing we 
notice is that 7 = 0.1 and 7 = 0.05 optimizers converge to 
a low accuracy, which indicates that they are too big for the 
model. As shown in Fig. 4, the fastest and best-performing 
optimizer is the 7 = 0.01 optimizer; hence, we chose it for 
our model. 

4) Other tuning parameters 

In addition to the DNN structure, the optimization algo- 
rithm, and 7, we have tunned other parameters, such as the 
weight initialization technique. We have studied the impact 
of implementing the following initializers: zeros, uniform, 
normal, he normal, and leCun uniform. The results showed that 
our DNN model achieved the best performance with the leCun 
uniform initializer. Other parameters, such as batch size and 
the number of epochs were tuned to 100 and 120, respectively. 
In addition, in order to reduce overfitting and make the model 
generalize better, we have used regularization. In the literature, 
there are two main strategies to regularize NNs, dropout and 
L1 and L2 regularization. Ll and L2 are the most popular 
types of regularization strategies, and they update the general 
cost function by integrating another term to reduce the values 
of the weight matrices. Dropout is also a very interesting 
regularization technique and it is widely used in the field 
of deep learning. Dropout randomly picks some nodes and 
removes them and all the incoming and outgoing connections 
associated with it. For our DNN design, we choose to integrate 
dropout into each layer. The dropout rate was tuned to 27% 
for each layer. 


B. The performance of the final model 


In this section, we first study the validation accuracy vs. 
training set size. Then, we perform 10-folds cross-validation 
(CV) test to ensure that our DNN model is not overfitted. 
Finally, we compare the proposed DNN model to other tradi- 
tional ML models. 


1) Impact of training data size 

Studying the effect of the training data size is essential. In 
Fig. 5, we plot the accuracy of our DNN model vs. different 
training sizes. It can be seen that too few examples will result 
in low test accuracy. Moreover, Fig. 5 illustrates an increasing 
trend in test accuracy, which means that as more information 
becomes available to the wireless network, the performance of 
the user satisfaction predictor improves. 


2) Performance results 


In order to validate the performance of our proposed DNN 
model, we perform a CV test. Although CV is not widely 
used for NNs due to its computational complexity, for the 
purpose of this paper, we perform a 10-fold CV test. For 
the purpose of comparison, we implement and tune three 
benchmark ML models, namely, Decision Tree (DT), K- 
nearest neighbor (Knn), and Random Forest (RF). Fig. 6 
depicts the 10-folds CV accuracies for the four ML models. 
As shown in Fig. 6, the DNN model achieved the best average 
accuracy (93.78 % + 0.51 %). Also, Fig. 6 shows that the DNN 
model is more robust in comparison to the other ML models 
as it achieved the lowest confidence interval. It is worth noting 
that since there are six satisfaction levels, the random choice 
accuracy level is 0.166. Therefore, an average accuracy of 
93.78% is considered very good and it can be further improved 
by training with more data. 


VI. CONCLUSIONS 


In this paper, we proposed a framework to enable real- 
time data-driven personalized user satisfaction monitoring and 
prediction in wireless networks. The importance of the pro- 
posed framework stems from the fact that, instead of sensing, 
capturing, and predicting the measured user satisfaction values 
from sensor data, it predicts user satisfaction values on the 
basis of context information, which is faster, efficient, and 
more practical. The proposed framework distinguishes be- 
tween these two processes and uses measured user satisfaction 
data to enhance the performance of the context-based user 
satisfaction prediction model. More importantly, our proposed 
framework will pave the way for the innovation of new, less 
complicated, and more accurate real-time user satisfaction 
prediction approaches. There are plenty of issues that should 
be further studied before the practical implementation of the 
proposed framework. An example question that needs to be 
addressed is how the network should deal with incorrect 
satisfaction predictions. 


REFERENCES 


[1] R. Alkurd, I. Abualhaol, and H. Yanikomeroglu, “Big data-driven and 
Al-based framework to enable personalization in wireless networks,” 
IEEE Communications Magazine, vol. 58, no. 3, pp. 18-24, 2020. 

, ‘Dataset modeling for data-driven Al-based personalized wireless 
networks,” in Proc. 2019 IEEE International Conference on Communi- 
cations (ICC), Shanghai, China, May 2019. 

[3] R. Alkurd, I. Abualhaol, and H. Yanikomeroglu, “A synthetic user 
behavior dataset design for data-driven Al-based personalized wireless 
networks,” in Proc. 2019 IEEE International Conference on Communi- 
cations (ICC Workshops), Shanghai, China, May 2019. 

[4] R. Schoenen and H. Yanikomeroglu, “User-in-the-loop: spatial and 





[2] 


1-00 


005 


90 


Accuracy 


O85 


CAO 


DT Knin RF 
Algorithm 


Fig. 6: Accuracy swarm plot for 10-folds cross-validation 


[5] 


[6] 


[7] 


[8] 


[9] 


[10] 


[11] 


[12] 


[13] 


[14] 


[15] 


[16] 


[17] 


[18] 


[19] 


using DT, Knn, RF, and our proposed DNN model. 


temporal demand shaping for sustainable wireless networks,’ [EEE 
Commun. Mag., vol. 52, no. 2, pp. 196-203, Feb. 2014. 

Y. Bao, H. Wu, and X. Liu, “From prediction to action: Improving 
user experience with data-driven resource allocation,’ JEEE J. Sel. Areas 
Commun., vol. 35, no. 5, pp. 1062-1075, May 2017. 

X. Hu, J. Cheng, M. Zhou, B. Hu, X. Jiang, Y. Guo, K. Bai, and F. Wang, 
“Emotion-aware cognitive system in multi-channel cognitive radio ad 
hoc networks,” JEEE Commun. Mag., vol. 56, no. 4, pp. 180-187, Apr. 
2018. 

M. S. Hossain and G. Muhammad, “Emotion-aware connected health- 
care big data towards 5G,’ IEEE Internet of Things Journal, vol. 5, 
no. 4, pp. 2399-2406, Aug. 2018. 

B. G. Lee, T. W. Chong, B. L. Lee, H. J. Park, Y. N. Kim, and 
B. Kim, “Wearable mobile-based emotional response-monitoring system 
for drivers,’ IEEE Transactions on Human-Machine Systems, vol. 47, 
no. 5, pp. 636-649, Oct. 2017. 

P. Reichl, S. Egger, R. Schatz, and A. D’Alconzo, “The logarithmic na- 
ture of QoE and the role of the Weber-Fechner law in QoE assessment,” 
in 2010 IEEE International Conference on Communications, May 2010, 
pp. 1-5. 

X. Tao, Y. Duan, M. Xu, Z. Meng, and J. Lu, “Learning QoE of mobile 
video transmission with deep neural network: A data-driven approach,” 
IEEE Journal on Selected Areas in Communications, pp. 1-1, 2019. 
Y. Bao, H. Wu, and X. Liu, “From prediction to action: Improving 
user experience with data-driven resource allocation,’ JEEE Journal on 
Selected Areas in Communications, vol. 35, no. 5, pp. 1062—1075, May 
2017. 

X. Tao, C. Jiang, J. Liu, A. Xiao, Y. Qian, and J. Lu, “QoE driven 
resource allocation in next generation wireless networks,” [EEE Wireless 
Communications, vol. 26, no. 2, pp. 78-85, Apr. 2019. 

V. Vasilev, J. Leguay, S. Paris, L. Maggi, and M. Debbah, “Predict- 
ing QoE factors with machine learning,” in 2018 [EEE International 
Conference on Communications (ICC), May 2018, pp. 1-6. 

S. Tasaka, “Bayesian hierarchical regression models for QoE estimation 
and prediction in audiovisual communications,’ [EEE Transactions on 
Multimedia, vol. 19, no. 6, pp. 1195-1208, Jun. 2017. 

B. Xu, Y. Fu, Y. Jiang, B. Li, and L. Sigal, “Heterogeneous knowledge 
transfer in video emotion recognition, attribution and summarization,” 
IEEE Transactions on Affective Computing, vol. 9, no. 2, pp. 255-270, 
Apr. 2018. 

C. Wu and W. Liang, “Emotion recognition of affective speech based 
on multiple classifiers using acoustic-prosodic information and semantic 
labels,’ IEEE Transactions on Affective Computing, vol. 2, no. 1, pp. 
10-21, Jan 2011. 

C. Qing, R. Qiao, X. Xu, and Y. Cheng, “Interpretable emotion recogni- 
tion using EEG signals,” IEEE Access, vol. 7, pp. 94 160-94 170, 2019. 
C. Zhang, P. Patras, and H. Haddadi, “Deep learning in mobile and 
wireless networking: A survey,” JEEE Communications Surveys Tutori- 
als, pp. 1-1, 2019. 


R.  Alkurd, I.  Abualhaol, and 4H. Yanikomeroglu. A 
synthetic user behavior dataset design for data-driven AI- 
based personalized wireless networks. [Online]. Available: 


https://github.com/rawanalkurd/Personalization-Framework-Datasets. 


